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Serving as Rachlin’s teaching as-
sistant for his graduate course on
animal learning in 1973 determined
the direction of my career, which has
been to build computer models and
robots based mostly on the equations
from that course and related ones.
These artificial beings behave and
learn very much like animals, and
creating them forces a far more
molecular perspective on behavior
than Rachlin takes in addressing the
issues in this article. These comments
will address Rachlin’s points from the
other perspective to which he has
contributed enormously, the quanti-
tative analysis of behavior.

Selectionist concepts, which as
Rachlin (2012) points out encompass
both learning and biological evolu-
tion, have become very important in
robotics and computer intelligence.
This direction has been driven by the
practical realization that many things
that we want computers and robots
to do are so complex as to be in-
feasible to analyze and program, but
can be learned by computer pro-
grams that emulate these biological
processes. One important technology,
actually called reinforcement learning
(Sutton & Barto, 1998), was original-
ly based on one of the very equations
taught in Rachlin’s course, by Res-
corla and Wagner (1972). The ap-
proach by Edelman (1987) that
Rachlin describes is a behavioral
model nominally based on brain
function, but was obviously shaped
by his Nobel Prize-winning break-
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throughs applying evolutionary con-
cepts to the immune system and
constrained by the need to produce
operant learning. Among behavior
analysts, Donahoe and Palmer (1994)
have developed a sophisticated model
that proposes how operant behavior
is implemented in the brain, informed
by detailed knowledge of operant
learning. My own operant computer
models and applications, based on
operant learning, were independently
developed starting at the same time
as those early models (e.g., Bell,
Hutchison, & Stephens, 1992; For-
syth, Hawkins, & Hutchison, 1996;
Hutchison, 1996, 1997, 1998; Hutch-
ison & Constantine, 2003, 2005;
Hutchison, Constantine, Borenstein,
& Pratt, 2007, 2008a, 2008b; Hutch-
ison & Stephens, 1987; Stephens &
Hutchison, 1992, 1993; Stephens,
Hutchison, Hormby, & Bell, 1990).
Many others have adopted learning
methods for robotics (Dorigo &
Colombetti, 1998; Lin, 1992; Tour-
etzky & Saksida, 1997; Weng &
Chen, 1996).

It is quite telling that all of these
systems assume the basic formula-
tions of operant conditioning: that
certain biologically significant events
(i.e., primary reinforcers and punish-
ers) function to select (i.e., increase or
decrease) the strength of relations
between recently occurring stimuli
and recently emitted behaviors (i.e.,
stimulus control). In addition, all of
these systems incorporate the key
process of higher order conditioning,
in which the stimulus control values
acquired during primary reinforce-
ment provide the basis for condi-
tioned reinforcement. Although ev-
eryone recognizes that these relations
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are implemented by the brain, the
models can consist of purely molec-
ular behavioral relations (e.g., Res-
corla & Wagner, 1972) expressed in
equations, not claiming point-to-
point correspondence with neural
processes. However, the author ac-
knowledges that trying to integrate
behavioral and neural models also
has much potential value, because
each provides information that may
guide the other, especially in the
direction of neural models needing
to function according to known
behavioral processes. It is frustrating
that most practitioners, in both
robotics and neuroscience, have little
or no awareness of the extensive
knowledge of operant learning.

At about the same time the fore-
going operant learning methods were
developed, another major selectionist
approach was invented to emulate
the evolutionary processes of varia-
tion, selection, and retention and
reproduction, known as genetic algo-
rithms or GAs (Holland, 1985).
Rachlin points out that both learning
and evolution are selectionist, but
they are not interchangeable or com-
petitive. They collaborate in an obvi-
ous way. Evolution determines the
fixed characteristics of animals that
persist during lifetimes to determine
the organismic elements that enter
into learning during that lifetime: the
characteristics of our sensors, the
kinds and characteristics of our
actions, and the characteristics of
the primary values and learning
process that enable acquisition of
intelligent control of actions. Many
practitioners have applied GAs to
evolve static behavior control that
does not change from experience, but
a far more exciting idea is to imple-
ment the interplay of learning and
evolution as in nature. This works by
creating populations of heteroge-
neous operant beings, each of which
learns from experience and reproduc-
es differentially to produce the next
generation based on their success in
the given environment. The environ-

ment can be the real world, but by
implementing it in computer virtual
reality, the entire process can play
out millions of times faster than
evolution occurs in the real world.
The speed and power of such a robot
evolution and design system, and the
fact that it operates with no human
intervention, have ominous implica-
tions for robots as a competitive
species (discussed below).

Using the computer as a medium
to unambiguously express and test
sets of posited quantitative relations
has been essential to most sciences,
and it is equally valuable in behavior
analysis: It enables us to express all
our formulations and their interrela-
tions in a cohesive way and then
project their implications in a disci-
plined way that would be impossible
with separate equations. The first
impact of such modeling is on
ourselves, to discover that some of
our assumptions do not play out in
practice exactly as we assumed. That
is, they do not behave like our animal
subjects would under the same cir-
cumstances. Simulations in these
models facilitate adjusting our for-
mulations to ones that produce the
behavior we predict, a strategy some-
times called analysis by synthesis. For
example, the delay-discounting (DD)
functions that Rachlin describes are
often built into these operant com-
puter models, but testing with the
models shows that even with DD
functions the direct effect of rein-
forcement can only be effective for
delays in the range of seconds,
because the number of behavioral
relations that might be reinforced by
a delayed consequence grows too
large with time; this is known as the
credit assignment problem. We can
still model the development of molar
DD functions over more time, but we
see them produced by conditioned
reinforcers and, over much longer
periods such as months, by verbal
mediation. This is fertile ground for
the molar versus molecular debate, as
Rachlin’s response will hopefully
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enlighten, but this kind of computer
modeling clearly forces its practition-
ers toward a molecular perspective
that must produce observed molar
relations.

The second major impact of these
models, once they work, is that they
enable us to prove that our posited
behavioral processes are sufficient to
produce the behavioral phenomena
of interest. Demonstrations using a
computer model function logically as
sufficiency proofs that refute claims,
often suffered by behavior analysts,
that our relatively simple concepts
are inadequate to explain complex
behavior. These operant models have
demonstrated (reported in the Hutch-
ison references below) almost all of
the fundamental behavioral processes
including generalization, learning ab-
stract visual discriminations, multiple
coordinated movements, higher order
conditioned reinforcement, chaining,
response variability that changes as
with animals, stimulus equivalence
phenomena, and Skinner’s (1957)
verbal operants, including minimal
echoics (enabling phoneme imitation
needed for humanlike language
teaching), tacts (nouns, verbs, adjec-
tives), intraverbals (facts and rules),
self-echoics, compliance with com-
mands, autoclitics (generalized adjec-
tive—verb and subject-verb word or-
der), and true rule-guided behavior
(tacting a situation, which evokes a
relevant intraverbal rule, then per-
forming the behavior specified in the
rule). Such demonstrations of oper-
ant computer models are most per-
suasive when they interact directly
with the real world, like simple
robots, rather than only inside a
computer, not just because they are
most visible but because they remove
all the ways that we could be
cheating, both intentional and unin-
tentional. A real Turing test such as
Rachlin discusses is performed every
year, known as the Loebner Prize,
formerly conducted under the auspic-
es of the Cambridge Center for
Behavioral Studies. The current

author twice served as the technical
director of that contest, and the
clever tactics of the computer pro-
grams that win the contest are
enlightening but are far from true
verbal behavior produced in an
operant system. As Rachlin points
out, they appear human under con-
strained circumstances, but interact-
ing with them under a wider range of
conditions inevitably exposes the
programmed control behind them.
The third impact of these models
of operant behavior is that when they
are embodied in robots, they produce
synthetic animals that can perform
valuable functions in the real world.
As Rachlin points out, the economic
benefits of these robots function to
reinforce behaviors of providing re-
sources to produce and further de-
velop the robots; a case of natural
evolution even though not based on
carbon DNA. Contrary to popular
depictions, most intelligent robots
will not be humanoid in form.
Humans are generalists whose bodies
and brains enable performing a huge
variety of behaviors in many envi-
ronments, but robots developed to
perform a limited range of tasks will
have an extremely wide range of
bodies optimized for their tasks and
only those behaviors and knowledge
needed for those tasks. Robots that
provide care or companionship for
humans should probably be more
humanoid, such as the remarkably
lifelike Actroid robots developed by
the Kokoro Company with Osaka
University (Christensen, 2005).

CAN ROBOTS BECOME HUMAN
OR SUPERHUMAN?

Rachlin uses the watershed event
of a computer surpassing humans
in an impressive ability in order to
create a thought exercise that forces
readers to reflect on the nature of
humans. This exercise is valuable,
even though it will persuade few
people to define human simply as
any being that behaves identically to
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humans. Behaviorists are perhaps
more likely than most to agree with
Rachlin that humans can nevertheless
form strong (loving?) relationships
with sophisticated robots due to the
positive value they can provide, even
knowing him or her (following Rach-
lin’s usage) to be a robot. The movie
that most realistically portrays how
behavioral theory would project the
future of adaptive robot techno-
logy is Bicentennial Man, based on
Asimov’s science fiction novel (1996).
A factory-pretrained robot with learn-
ing abilities becomes a servant in a
human household and adapts to their
family life. Even though everyone
knows “he” is a robot, the movie
shows realistically how he naturally
acquires behaviors from interacting
with humans and the world that make
him quite endearing and humanlike.
The movie plays out Rachlin’s thought
exercise effectively, and we could press
the argument further by asking wheth-
er the viewer would consider him to
have human rights (e.g., not being
allowed to be killed). David Levy’s
(2007) book Love and Sex with Robots
provides a survey of the history of
human companionship and sexual
practices along with current and
envisioned technology. He makes a
surprisingly strong case that humans
will accept sophisticated robots as
sexual partners and even primary
companions, largely because of their
ability to provide many reinforcers
accompanied by few punishers.
Behavior analysts are the best
suited to lead the development of
intelligence in these emerging robots,
and doing so would be valuable for
us. The technology gives us better
ways to express and test our scientific
formulations, it proves to outsiders
the sufficiency of our formulations,
and it gives us valuable roles in an
important industry, in which we can
provide extremely relevant expertise
of which those outside behavior
analysis are largely ignorant.
However, working with these ro-
bots and projecting the future does

raise some very important concerns.
For example, endowing robots with a
complete operant system including
their own primary values, such as
electric power (which as Rachlin
points out will be different from
humans) has a huge practical value
in enabling robots to learn from their
own experience rather than needing
the constant delivery of consequences
by a human teacher. However, there
is an unanticipated consequence of
doing that: The behavior of such
robots is selected only by those
values. People might expect a per-
son’s own robot to always follow
commands from its owner, and with
proper primary values and training it
can learn to comply just like humans
do. However, one can easily recog-
nize that such a robot will disobey the
human under the same circumstances
in which a human would. A robot
can have collision sensors and prima-
ry values that included collisions as
punishing events. The author trained
such a robot to comply with com-
mands to move, but when command-
ed repeatedly to ram into a wall,
it eventually “refused” because the
punishment weakened the compli-
ance behavior in that situation. Rach-
lin discusses whether such a robot felt
“pain.” Certainly it felt the sensation
that had the punishing effect, so “‘sort
of.” What is still lacking to more
clearly label it “feeling pain” is that
the robot has not learned, as humans
do, to tact (i.e., emit a verbal label in
response to) those events as pain, in
order to be aware or conscious of the
punishing event. But it could easily
learn to do so: Rachlin points out that
tacting the event to others (either
crying “‘ouch!” or, Spock-like, calmly
reporting ‘“‘damaging event’’) can
evoke positive responses from others,
and for that reason might be exag-
gerated, as could easily be learned by
our robot. Stretching into the moral
sphere as Rachlin discusses, the robot
could learn to tact (be aware) that the
situation contains a choice whether to
be deceptive and to think (self-talk)
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about the consequences before doing
it or not. The key point here is that an
operant robot is an independent
being, even though he is dependent
on others, just as all humans are
dependent on others.

Rachlin projects a future Watson
II that is sophisticated and human-
like. However, we behavior analysts
have a vital interest in extending our
own analysis further, because it
suggests that the inexorable evolu-
tionary process that plays out both in
the real world and in accelerated
virtual reality is destined to produce
robots that will displace humans at
the top of the pyramid, just as all
previous species have been displaced.
Such an outcome seems like the
ultimate folly of humans, to produce
a species that takes control from
them. Most people considering this
prospect believe they have a solution
to prevent this, but our own behav-
ioral analysis leads to rejecting all
the proposed solutions. Arguments
against robots taking over, and the
flaws in the arguments, include the
following:

1. Computers cannot replicate
some mechanisms that humans have.
But as Rachlin points out, we assume
that humans are physical beings
whose mechanisms consist of physi-
cal structures. If the mechanism’s
function can be described, computer
science should be able to replicate the
function even if not by the same
physical mechanism. That is exactly
what we have seen in producing
robots with operant learning and
biological evolution.

2. Human brains with billions of
neurons and trillions of connections
have more power than can be pro-
duced by a computer. But Moore’s
law (1965), which has accurately
predicted the exponential growth of
computing power, tends to under-
mine this argument, and many ‘‘seri-
al” human behaviors such as numer-
ical and logical computation have
already been dwarfed by computers.
Parallel computer architectures and

futuristic computational methods
such as optical and quantum com-
puting promise computing power
vastly beyond that of human brains.

3. Humans cannot design a robot
that is more intelligent than them-
selves. Watson is an example that
supports this argument, because the
developers collected human knowl-
edge and programmed it in a com-
puter, so it barely exceeds an individ-
ual human’s ability and cannot go
much further. However, the operant
and evolutionary technologies dis-
cussed here do not depend on human
participation, but instead involve a
hyperspeed evolutionary process that
produces increasingly advanced be-
ings that can learn on their own. I
have consistently found that the
designs produced by a combined
learning and evolutionary process
are superior to my own designs for
most robotic problems. Beyond rapid
learning of single robots, the physical
structure and learning of a computer
system can easily be cloned, so new
robots will not have to go through
the massive learning process required
of humans, but can begin “life”” with
Lamarckian-like feature inheritance
plus knowledge from the most ad-
vanced existing robot from which
they can continue learning. Note also
that robots are already manufactur-
ing computers and the robot bodies
increasingly independently.

4. Humans should be protected by
Asimov’s (1942) rules for robots;
robots must not harm humans and
must obey human orders. However,
Asimov was assuming robots would
be programmed, not based on oper-
ant systems. Behavior analysts recog-
nize the nature of rules in operant
systems: They are learned, not hard
wired in brains. Even if it were
possible to mandate that all robots
be trained to obey these rules, hu-
mans have amply demonstrated the
obvious: Rules can be disobeyed.

5. Robots should be programmed
with primary values to promote
human well-being, which is a more



34 WILLIAM R. HUTCHISON

behavioral strategy consistent with
Rachlin’s analysis. However, as Skin-
ner has pointed out, primary values
are themselves evolved to select
behavior that is fittest in an environ-
ment. For example, animals not
reinforced by food would not eat
and animals not reinforced by sex
would not mate. But even if it were
mandated to hard wire certain posi-
tive values, there is no way to enforce
the mandate universally, and subse-
quently they could be changed acci-
dentally or on purpose by hackers,
who constantly demonstrate their
creative destructiveness. A robot
could even potentially access its own
or another robot’s control program,
unlike humans, and could change
primary values accidentally or inten-
tionally.

6. Finally, as in the movie 2001
Space Odyssey, in which, as Rachlin
points out, flaws in the computer’s
intelligence make it lethal, many
assume that humans could ultimately
just pull the plug if robots threaten
human superiority, or more proac-
tively, prohibit research and develop-
ment of robots that would be capable
of doing so. In this multilateral
political world, there is no way to
enforce this (witness bans on research
areas such as cloning) apart from
intentional hacking. And we are
already nearly at the point at which
the development and manufacturing
of such robots need no human
participation.

SUMMARY

Rachlin has demonstrated how
the existence of intelligent robots
might stimulate thoughtful humans
to adopt more effective understanding
of our own nature. Behavior analysts
also have much to gain from partici-
pating in the development of computer
and robotic models of operant behav-
ior: We can express and test our
formulations more effectively, we can
prove the sufficiency of our formula-
tions to others, and we can play

important roles in the development
of valuable applied technology. The
technology seems destined to threaten
human well-being in the future, but
that prospect should encourage more
rather than less participation by be-
havior analysts.
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